Abstract-Epoxies and resins can require careful temperature sensing and control in order to monitor and prevent degradation. To sense the temperature inside a mold, it is desirable to utilize a small, wireless sensing element. In this paper, we describe a new architecture for wireless temperature sensing and closed-loop temperature control of exothermic polymers. This architecture is the first to utilize magnetic field estimates of the temperature of permanent magnets within a temperature feedback control loop. We further improve performance and applicability by demonstrating sensing performance at relevant temperatures, incorporating a cure estimator, and implementing a nonlinear temperature controller. This novel architecture enables unique experimental results featuring closed-loop control of an exothermic resin without any physical connection to the inside of the mold. In this paper, we describe each of the unique features of this approach, including magnetic field-based temperature sensing, extended Kalman filtering for cure state estimation, and nonlinear feedback control over time-varying temperature trajectories. We use experimental results to demonstrate how low-cost permanent magnets can provide wireless temperature sensing up to ∼90 • C. In addition, we use a polymer cure-control testbed to illustrate how internal temperature sensing can provide improved temperature control over both short and long timescales. This wireless temperature sensing and control architecture holds value for a range of manufacturing applications.
, [2] . Curing of such materials typically takes place in ovens under temperature control. The curing process of exothermic polymers results in the release of heat, which can affect the temperature and quality of the part if not properly regulated. Part quality can be degraded by excessive temperatures, temperature gradients, residual stresses, and incomplete curing. In addition, mold shape and material properties can also affect the thermal behavior of the system, preventing the use of pre-computed or pre-validated algorithms. Therefore intelligent monitoring and control of the nonlinear, temperature dependent, resin cure processes has become an area of increasingly important research [1] , [2] .
Embedded sensing has the potential to provide localized, real-time, data that can be used for evaluation and control. For example, studies have illustrated how embedded sensors can provide monitoring of temperature, thermal properties, and cure. Some proven methods applied to composites include embedded thermocouples [3] , light emitting diodes [4] , optical fibers [5] [6] [7] [8] .
Many manufacturing processes involve sealed and optically opaque molds and ovens where access for wires is challenging. Therefore, many current approaches attempt to regulate internal processes with only limited knowledge of the internal behavior. Wireless temperature monitoring can enable improvements in part quality and manufacturing speed by enabling feedback control based on knowledge of the internal states. Magnetic field-based techniques are a particularly exciting method for wirelessly monitoring temperature as well as position and orientation information [9] [10] [11] [12] . Such techniques can involve eddy current generation [13] , remotely interrogated magnetic materials [14] , and temperature induced magnetic field changes [15] [16] [17] [18] . Exploiting the temperature induced change in the magnetic field of permanent magnets holds particular promise for monitoring composite materials because such methods can sense through metal vessels and only require passive sensing of the magnetic field [16] , [17] , [19] . Permanent magnets can be embedded directly into molds, attached to fixed components, or placed between rigid layers. The wireless nature of the magnetic field temperature measurements requires no holes to be drilled in molds for wired temperature sensors. Thus, it can be implemented directly in existing systems. After the material is cured, the low-cost magnets can remain in the cured component for future temperature measurements. The magnet can be demagnetized after use with external coils if desired. This approach fundamentally differs from thermocouple and optical-fiber based approaches due to the elimination of all physical connection to the inside of the mold. The use of magnetic fields enables completely wireless sensing and control of internal states. Similarly, this work differs from optical sensing techniques because our techniques enable the use of opaque molds and polymers. In addition, optical techniques may have difficulty resolving the internal temperatures of a three-dimensional resin.
In this work we propose and evaluate a new architecture for wireless temperature sensing and closed-loop temperature control of exothermic polymers, as illustrated in Fig. 1 . This architecture is the first to utilize wireless magnetic sensing in a feedback loop. We demonstrate several new methods including a nonlinear cure estimator and a closed-loop nonlinear temperature controller. This novel architecture enables new experimental results including internal temperature feedback control of an exothermic polymer with no physical connection to the inside of the mold. These new experimental results provide substantial knowledge to the community including illustration of temperature sensing up to 90 • C (higher than previously demonstrated [16] , [17] ), quantification of the benefits of internal feedback control, and demonstration of nonlinear feedback control for minimizing thermal gradients. These experimental results also highlight the sensitivity of magnetic field-based temperature measurements to minor fluctuations in room fields and small motions. These quantified results can be used to design more advanced estimation and control algorithms for a variety of other manufacturing applications.
In the following sections, we first introduce the basic principles behind wireless temperature measurement. We then describe the thermal dynamics of a heated exothermic resin sample and outline the Extended Kalman Filter (EKF) for estimating the cure and temperature based on a nonlinear kinetics model. Finally, experiments are used to demonstrate and validate the wireless temperature measurement, cure estimation, and nonlinear control. 
II. TEMPERATURE DEPENDENCE OF MAGNETIC FIELDS

A. Dipole Model and Magnetic Inversion Procedure
The field strength of permanent magnets change based on their temperature. As temperature increases, the microscopic magnetic domains inside permanent magnetics orient themselves more randomly, thereby reducing the overall magnetic field strength [16] . We can approximate the relationship between the magnetic field strength, B, and the temperature, T , with a linear trend provided that the temperatures remain within the regime where the magnetic field changes are reversible. We use C T to represent the temperature coefficient and T 0 to represent a calibration temperature (such as room temperature). The temperature sensitivity of a permanent magnet B(T ) can then be defined.
B(T ) = B(T
Near room temperature T 0 , the magnetic field strength is
, where M 0 is the uniform magnetization, μ r is the relative permeability, μ 0 = 4π × 10 −7 T · m/A is the vacuum permeability, and V j is the volume of the magnet. In our previous work, we showed how multiple sensors and magnets can be used to measure temperature distributions based on a simple dipole model [17] . We briefly summarize this approach with coordinate system conventions illustrated in Fig. 2 . First, we define permanent magnetic particles j = 1, . . . , J to be located at positions 
The dot product can be further expanded as
This series of equations can also be simplified to vector form B i j .
The magnetic field contributions of multiple magnets can be summed linearly if all the components in the system have a relative permeability near unity. The total field contributions of J magnets on I sensors is then described with Eq. (6). Here, the magnetic field vector is B i = (B ix , B iy , B iz ) while the offset constants are C i = (C ix , C iy , C iz ) , representing the offsets from fixed external fields including the magnetic field of the earth.
If the magnet positions and orientations are stationary or known, then the temperature solution simplifies to a series of linear equations. Therefore, Eq. (6) can be rewritten as Eq. (7). Known information for positions, orientations, and magnetic field magnitudes at the calibration temperature are captured by P si j = (P i j x , P i j y , P i j z ) . This formulation then gives us the model for the magnetic field sensing block in Fig. 1 .
The equations can also be written in linear matrix form, where Y = B − C is the 3I × 1 vector representing the calibrated sensor measurements. The vector
where T is the vector of magnet temperatures. Lastly, P s has dimensions 3I × J .
If 3I ≥ J , then least squares minimization can be used to produce a solution, giving the magnetic field inversion block in Fig. 1 .
Then, the temperature solution is obtained for each magnet at each point in time. The temperature estimate noise, T , is dominated by the average electronic measurement noise B and is described by the properties of the P s matrix.
This equation can be used to estimate noise levels for a given magnet and sensor configuration.
B. Experimental Illustration
We illustrate the efficacy of using magnetic field-based temperature sensing with a simple example. For this illustration, we used four fixed 3-axis magnetic field sensors to measure the field of a single permanent magnet, as illustrated in the schematic of the physical system in Fig. 1 . Before the magnet is inserted, the field offsets are calibrated. Then, a small (3.2 mm diameter, 1.6 mm thickness) neodymium iron boron (Nd-Fe-B) grade N42SH magnet was attached to an electric heater. Alternative magnet types, such as SamariumCobalt, were also considered for this experiment [17] . The N42SH grade Nd-Fe-B magnet was chosen due to its high magnetic field density and high temperature sensitivity C T for the desired temperature range.
Next, the field magnitudes at a known calibration temperature (room temperature) are recorded to construct the P s matrix. Once calibrated, the heater voltage is increased, but briefly pulsed off during the sensor readings to remove any magnetic field effects of the electric heater.
Using the approach outlined in Section II-A, the magnetic field data was collected, inverted, and then compared to an adjacent thermocouple (ground truth temperature). The results are shown in Fig. 3 , and illustrate good performance up to ∼90 • C with a temperature sensitivity of C T = 0.115 ± 0.005%. Temperature measurement errors are 2 • C or less, and repeatability is within 3 • C. Our previously published results only reached 60 • C reversibly with a different magnet grade [17] . The results in this work illustrate how certain grade magnets can provide improved high temperature performance.
III. CURE DYNAMICS AND ESTIMATION
Understanding the heat transfer and cure dynamics of polymers is essential for modeling, estimation, and control. Epoxy resins are generally mixed with a curative agent to form a three-dimensional cross-linked structure with desirable properties such as mechanical strength and thermal resistance. The process of forming this cross-linked structure is known as curing or gelation [20] . The curing process can be quantified with a number between 0 and 1 representing the fraction of the material that has achieved the cross-linked three dimensional structure. This number is known as the amount of cure, p.
Here, we focus on the heating of an epoxy sample consisting of n layers and cured with a heated surface. This is a valid approximation for common wall heating architectures [21] , [22] and is illustrated in Fig. 4 . We use T l (in • C) and p l to determine the temperature and cure of the l-th layer.
A. Thermal Modeling
Next, the heat transfer model for a polymer sample enclosed within a heated mold is described. We assume that the mold walls that surround the epoxy sample are adiabatic, and that the heater is maintained at a certain temperature, T H (t). The internal heat transfer is dominated by conduction. The top layer, adjacent to the top wall is assumed to not conduct heat to the environment, and the bottom layer, adjacent to the heater, absorbs heat through conduction.
Each layer has dimensions x, y, z with the same mass, m s . The internal temperature fluctuation due to the heater and the thermal conduction can be written with matrices A T and B T .
An additional term,Q s , is included to account for heating from the curing process. The variables k s and ρ s represent the thermal conductivity and the sample density, respectively.
B. Kinetic Modeling
The internal heat generation from the polymer curing process requires an additional nonlinear kinetic model. The amount of heat released by a the l-th layer of the exothermic polymer during cure is related to the rate of change of the polymer cure, p [21] , [23] . In this expression, H r represents the resin heat of reaction.
An expression for the cure dynamics p(t) is usually determined empirically. We replicate an approach used in previous studies at Sandia National Labs that combines an empirical relationship for epoxies [24] with Arrhenius temperature dependence. Here, R represents the ideal gas constant, and k 0 , b r , m r , n r , E a are all determined empirically. This relationship works well for strongly exothermic epoxies and the empirical coefficients have been previously validated with experiments [25] .
The cure dynamics can also be written in state vector form.
This equation can also be expanded to show the contributions of cure and temperature.
Now we can combine the heat transfer and cure kinetics models to describe the temperature state dynamics.
Finally, the nonlinear full state vector X is described by combining X T and X p into a single vector using Eqs. (18) and (20) .
This expression describes the full polymer temperature plant dynamics from Fig. 1 .
C. Nonlinear Observer for Cure Estimation
We have thus far highlighted how magnetic sensing techniques enable temperature measurements from within the polymer sample. However, the cure level is also of importance because it influences part quality and the thermalkinetic system dynamics. Therefore the layer cure level, p l , is valuable for both monitoring and feedback control. Since the thermal-kinetic dynamics in the previous section are nonlinear, we use a nonlinear observer. We choose an Extended Kalman Filter (EKF) to provide estimated system states (X T ,X P ) from the magnetic temperature estimates, T l,m [26] , [27] . We assume that the sensor noise, v(t), and the process noise, w(t), are zero mean and Gaussian with covariance matrices Q and R, respectively.
A magnet is assumed to be embedded to monitor temperature in each layer and these layers can vary in size depending on the system requirements. Here we use a continuous-time EKF with discrete-time measurements [28] . Our temperature and cure level states are aggregated into a single state vector, X (number of states, N, is equal to 2n). For this system, the heater temperature, T H , is treated as our system input and the system dynamics are subject to process noise, w(t). The functions, f T , f p are equal to the expressions for the system dynamics (Eqs. (18) to (20)).
Since our measured states, z (subject to measurement noise, v(t)), are just the temperatures, the observation matrix, H is a n by N matrix of constants. The observation matrix consists of two submatrices: the n by n identity matrix, and then an n by n matrix of zeros. Here, the variable k represents the sample number, and t k represents the time when sample k was taken.
The continuous-time, discrete-sample Extended Kalman Filter combines a continuous time model with discrete-time updates [28] . The time update of the state estimate,X , and the error covariance matrix, P, are computed over every time step using the continuous time models.
For the prediction-update equations, the linearized dynamics must be used. The matrix F(t) is computed continuously based on the estimated system state and the system input.
The measurement updates are then performed in discrete time at each sample k. Here, the matrix P − is the error covariance matrix computed in the previous iteration. This system of equations serves to describe the nonlinear state estimation block in Fig. 1 .
IV. EXPERIMENTAL APPARATUS
In order to test the sensing and control architecture, we implemented the sensing, estimation, and control algorithms with a novel experimental set-up. In this section we describe the physical testing system, the sensing electronics, and the control and estimation software.
A. Exothermic Polymer
The epoxy EPON828 (Hexion) combined with the curing agent Jeffamine T403 (Huntsman) is used in our experiments. This combination was chosen because it is well-characterized, and commonly used in composites and as an adhesive [29] . It is particularly relevant for feedback control because it has a high heat of reaction, resulting in strong exothermic behavior during curing. The physical properties for the EPON828/T403 mixture are summarized in Table I and can be found in [25] and [30] . These are used for controller design and for the Extended Kalman Filter. The mix ratio of EPON828 to T403 is 100:45 and the EPON828 is assumed to dominate the physical properties of the mixture.
B. Experimental Apparatus
In order to study epoxy curing, we constructed a set of small molds. The mold is made of ABS plastic and then surrounded by foam insulation. An aluminum wall on one face conducts heat from a 24V DC electric heater into the sample. The heater voltage is pulsed and the magnetic data is collected while the heater is briefly turned off. The heater is used to control the temperature of the wall and the temperature is measured using an externally mounted, non-magnetic, type E thermocouple (interfaced with the control computer through an NI 9213 acquisition module). This mold simulates a single thick layer with dimensions of 9 × 25 × 28 mm. Our singlelayer experiment design is shown in Fig. 5 . One small (3.2 mm diameter, 1.6 mm thickness) Nd-Fe-B grade N42SH magnet is held stationary using a thin non-magnetic brass post (0.8 mm diameter). A second type E thermocouple is also routed into the mold to validate the magnetic temperature measurements.
Thermocouple properties vary slightly by batch and without calibration, temperature variations of ∼1 • C have been observed across thermocouples.
A set of four custom magnetic field sensing boards are used to measure the field fluctuations of the permanent magnet. The custom magnetic sensor boards use three-axis Honeywell HMC1053 sensors. Wheatstone bridges are used for each axis in order to measure the change in the magnetoresistance of a thin Permalloy film. The sensors have a high temperature coefficient, and therefore must be isolated from temperature fluctuations in the absence of temperature compensation circuitry. Generally thermal isolation via separation from temperature sources is sufficient. The magnetic field sensors interface with the control computer using a PXI-6255 data acquisition card and NI-PXIe-1073 chassis with differential analog measurement channels.
The real-time estimation and control is performed in using a C# user interface and data is sampled at 1H z. This is sufficient to monitor the slow dynamics of the heating and curing process. The magnetic temperature calibration is conducted by measuring the static offset field C. The field contribution of the magnet as it is inserted into the experimental setup at room temperature is used to construct the P s matrix. The measured temperature estimate noise of this system is ∼0.5 • C peak-to-peak.
V. LINEAR CONTROL RESULTS
Using the experimental apparatus described previously, a set of carefully controlled experiments were performed. These experiments examined temperature regulation, state estimation, and simple linear control.
A. Internal Temperature Regulation
Regulating the temperature of exothermic polymers enables curing according to the manufacturers recommended parameters. In addition, temperature control can be used to prevent excessive temperatures, temperature fluctuations, and spatial temperature gradients. However, without measurements of the internal temperature, it can be challenging to achieve good control performance. Observers can be used to provide internal temperature estimates based on heater inputs and external temperatures [21] , but such observer design can be challenging especially in the face of nonlinear polymer thermal dynamics.
The use of embedded magnets can provide accurate internal temperature measurements, and this information can be used for feedback control. We highlight the impact of our sensing technique with several closed-loop control experiments. Our first control scheme is highlighted in Fig. 6 . A desired internal temperature, T 1,d , is used as the reference signal, and the temperature estimate from the magnet, T 1,m is used as the feedback signal. The ground truth internal temperature, T 1 , is measured with a thermocouple for validation purposes. A "system controller" regulates the heater temperature by modulating the heat produced by the electric heater, Q H . Simple proportional control was found to be sufficient for regulating heater temperature. A simple step input-trajectory to 70 • C was used to represent a typical single-temperature curing cycle. The experiment was carried out for 17500s, which is roughly enough time for the sample to achieve a cure of 0.9. Experimental data from closed-loop control over the internal temperature, T 1 , is shown in Fig. 7 . The solid green line represents the temperature predicted by the magnet, T 1,m while the blue line represents the thermocouple measurement, T 1 . Since T 1,m is used for feedback control, T 1,m tracks the desired temperature, T 1,d . On the other hand, the ground truth temperature, T 1 , does not track quite as well. At times there is a small (up to 4.2 • C) difference between the two temperature measurements. This likely stems from four sources: 1) small fluctuations in room magnetic field, 2) magnet movement due to residual stresses from epoxy shrinkage during cure, 3) thermal mismatch between the thermocouple and the magnet due to gradients and contact resistance, 4) temperature estimation errors.
Thermocouple temperature data from a separate experiment is also shown in Fig. 7 in red. In this case, only the heater temperature was regulated ("external control"). The external control also uses the same proportional control, but only regulates the heater temperature. This experiment is intended to illustrate control performance in the absence of magnetic field sensing. Comparing the two control schemes helps demonstrate the value of internal temperature feedback. The 10 − 90% rise time is 3.1 times longer when using external control, and the external control has 6.8 • C more overshoot. The average tracking error is 5.0 • C, which is 19% higher than when the magnet was used for control.
B. State Estimation Experimental Results
Data from the step response experiment described above was also used to evaluate the performance of the state estimator and compared against predictions using the ground truth temperature and verified model data [25] . Our EKF was used to estimate the state (temperature and cure) based on the magnet-based temperature measurement. The sensor noise properties of the EKF were based on Gaussian white noise with 1 • C peak-to-peak amplitude. This is a conservative estimate for the performance of the magnet-based temperature sensor. Then, the temperature process noise was assumed to be an order of magnitude higher than the cure process noise. This assumption was used because there are potentially additional un-modeled thermal effects, such as internal gradients and imperfect insulation.
The real-time performance of the EKF is shown in Fig. 8 . These results demonstrate wireless monitoring for exothermic polymers. The ability to wirelessly and accurately estimate cure (Fig. 8(b) ) is particularly notable because this is a quantity that is very difficult to measure directly without a differential scanning calorimeter (DSC). For comparison, "ground truth" cure predictions were generated by feeding the values of T 1 (thermocouple temperature) into the Sandia National Laboratories 828/T403 cure model [25] . These values are shown in black in Fig. 8(b) . Note that the cure can be estimated fairly accurately even in the presence of small temperature measurement errors. 
VI. TRAJECTORY OPTIMIZATION AND NONLINEAR CONTROL RESULTS
We have shown that internal temperature control based on feedback from wireless sensing can provide performance improvements. However, our initial control formulations ignored the nonlinear dynamics and instead relied on proportional control to drive the temperature error to zero. We can now utilize our ability to wirelessly estimate both the internal temperature and cure (T 1 ,p 1 ) to further enhance control performance. A schematic illustration of a nonlinear control scheme is shown in Fig. 9 . We now use a lowlevel feedback controller (shown in red) to regulate heater temperature, and we use the EKF (shown in green) to provide continuous cure estimates. The heater controller regulates the temperature of the heating plate, and enables the use of the simplified models outlined in this work (T H as an input). The EKF provides both internal temperature and cure information to the control system. These new blocks enable the use of advanced control techniques such as nonlinear control via feed-back linearization [31] . Such a technique would not be possible without knowledge of both the internal temperature and internal cure level.
A. Nonlinear Controller Design
Nonlinear control can be used to improve the closed loop dynamic performance and enable better tracking of timevarying trajectories. Recall that we want to regulate the internal layer temperature, T 1 . The dynamics for T 1 can be summarized with the following expression. Note that since we are examining a single layer, A T , and B T represent scalar quantities.Ṫ
We can rewrite the expression with the function g(T 1 , p 1 ) to represent the heat transfer and cure dynamics.
Here, we choose v so that our system model has first order error dynamics that converge to zero with a time constant 1/α.
Our system input, is determined by combining Eq. (32) and Eq. (33). Since T 1 and p 1 are not known, we substitute the results from our state estimator.
These equations serve to describe the nonlinear feedback control block described in Fig. 1 .
B. Trajectory Generation
The aforementioned nonlinear control strategy can enable better tracking of time-vary temperature profiles. The specific temperature trajectory can be chosen based on a range of performance metrics. Typically, the curing of exothermic polymers involves a tradeoff between rate of cure and thermal gradients. High heater temperatures provide higher internal temperatures and higher cure rates, but also create large temperature differences between the heater surface and the polymer. For example, in the step response shown in Fig. 7 , the difference between the T 1,d and T 1 was as high as 38 • C. Such gradients (including gradients between T H and T 1 ) are undesirable because they can lead to residual stresses in the cured material [21] , [22] .
For this study, we explore internal temperature trajectories that are still relatively fast but have substantially lower temperature gradients. We first parameterize the internal temperature trajectory, T 1 (t), as a sigmoid that starts at the ambient temperature and ends at 70 • C (a typical curing temperature). This means we optimize over a single parameter, t s , which is the timescale over which the sigmoid evolves. For the mold size used in this work, we performed a simple search routine using our combined thermal-kinetic dynamic model. We found that t s = 10200s represents a good balance between speed and low gradients. Specifically, the maximum difference between T H and T 1 is projected to be 10 • C (a 73% reduction) and the 0.9 cure time is projected to increase by 27% over the step input. This approach can be used to identify other trajectories based on the desired tradeoffs.
C. Experimental Results
Experimental results from the nonlinear trajectory controller are shown in Fig. 10 . The experiment was run for 25000s, allowing the estimated cure to reach 0.9. The internal temperature estimates from the EKF,T 1 , are shown in green. Note how the estimated temperature matches the desired trajectory, T 1,d with errors less than 2 • C. The thermocouple temperature is shown in blue, and also matches the desired trajectory well. The maximum temperature gradient is illustrated by examining the heater temperature, T H , which is shown in orange. The maximum temperature gradient between the estimated internal temperature,T 1 and the heater temperature is 8.9 • C. Additionally, the maximum temperature gradient between the thermocouple measurement, T 1 , and the heater temperature is 4.2 • C. This illustrates how intelligent trajectory generation and nonlinear control can reduce thermal gradients. Note that the experimental data again shows a small discrepancy between the magnet estimate and the thermocouple measurement. The maximum difference is 5 • C. Despite the temperature measurement errors, the controller provides good performance and the thermocouple temperature only deviates by about 3.5 • C from the desired temperature.
VII. CONCLUSIONS
In this paper we have outlined, experimentally validated, and characterized a new architecture for using wireless magnetic sensing for the intelligent control of exothermic polymers. We have presented the mathematical framework for our sensing, estimation, and control techniques and have illustrated how wireless sensing can enable new approaches. Experiments were used to illustrate the overall performance of this architecture, and benefits in speed and accuracy were demonstrated. These experimental results show both the attributes and complexities of using wireless magnetic sensing for high-fidelity temperature control. Experimental results with a single magnet demonstrate that low-cost, widely available, N42SH magnets can be used to wirelessly estimate temperature up to ∼90 • C. We have established with experimental data how internal temperature estimates can provide enhanced temperature control performance. In these un-shielded experimental results, we also measured an un-modeled, very low frequency noise component with a timescale of several hours. Nevertheless, we are able to regulate the temperature errors to less than 5 • C and cure estimation results (Fig. 8) illustrate only small cure level errors. On shorter timescales associated with the initial temperature step increase, we demonstrate higher accuracy of 2 • C or less. Finally, we described how the cure estimates can be used to achieve nonlinear trajectory control with optimized, time-varying temperature profiles.
The techniques and results highlighted in this work illustrate the promise of using magnet-based temperature techniques for the sensing and control of nonlinear phenomena within inaccessible environments. To the best of our knowledge, we are also the first to attempt sensing of temperature over substantial time-scales (several hours), and at polymer-relevant temperatures (90 • C). This work is also the first to utilize embedded permanent magnets for wireless internal temperature feedback control. The experimental results provide new knowledge of the performance, capabilities, and drawbacks of such an approach. In this paper, we demonstrate both the efficacy and the challenges of temperature sensing, cure estimation, and control of exothermic polymers.
Future work in this area will focus on building upon the experimental results and improving temperature and cure estimation. For other sensing configurations and applications, the un-modeled sensor errors may become important. Therefore, more detailed models and estimation techniques are needed to detect and reduce the impact of magnetic field fluctuations due to external fields or residual stresses. A modified noise model in the EKF is also desirable to help minimize the low frequency noise component. Additionally, we look forward to pursuing more advanced experiments and moving toward distributed multi-layer control of exothermic polymers and composites. 
